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Abstract

The determination of material constants within uni"ed creep damage constitutive equations from experimen-
tal data can be formulated as a problem of "nding the global minimum of a well de"ned objective function.
However, such an objective function is usually complex, non-convex and non-di6erentiable. It is di7cult to
be optimised by classical gradient-based methods. In this paper, the di7culties in the optimisation are "rstly
identi"ed. Two di6erent objective functions are proposed, analysed and compared. Then three evolutionary
programming algorithms are introduced to solve the global optimisation problem. The evolutionary algorithms
are particularly good at dealing with problems which are complex, multi-modal and non-di6erentiable. The
results of the study shows that the evolutionary algorithms are ideally suited to the problem. Computational
results of using the algorithms to determine the material constants in a set of physically based creep damage
constitutive equations from experimental data for an aluminium alloy are presented in the paper to show
the e6ectiveness and e7ciency of the three evolutionary algorithms.? 2002 Elsevier Science Ltd. All rights
reserved.
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1. Introduction

There is a common requirement to describe the creep behaviour of di6erent materials using
physically based uni"ed creep damage constitutive equations. In parallel with this, constitutive
equations used to describe the creep behaviour are becoming more complex as additional state
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Nomenclature

� creep strain
�t computed (theoretical) strain
�m experimental (measured) strain
� stress (MPa)
t time (h)
A; B; h; H ∗; Kc; D material constants
H primary state variable

; !2 damage state variables
tt computed (theoretical) time (h)
tm experimental (measured) time (h)
f(X ); F(X ) objective functions
d the shortest distance from the computed to experimental data
fg(x) Gaussian density function
ft(x) Cauchy density function

variables are introduced to accurately describe the deformation and damage mechanisms [1–3]. The
determination of the values of material constants in such constitutive equations is often problematic,
even when high quality experimental creep data is available [3,4]. This di7culty has been discussed
by many researchers [1,4,5] and optimisation techniques are normally used to determine the material
constants on the basis of minimising the sum of the errors between experimental and computed data.
Lin and Hayhurst [6] developed an optimisation technique and successfully determined the material

constants for the constitutive equations where stress can be explicitly expressed as a function of strain.
However, for a set of uni"ed creep damage or general viscoplastic constitutive equations, numerical
integration is needed for solving the equation sets. It has been shown that the objective functions
for the optimisation are highly non-linear [3–5]. Hence, traditional gradient descent methods tend
to fail because it is very di7cult to choose starting values for the constants to obtain the global
minimum. Thus, extra care should be taken to choose starting values of the constants for optimisation.
Kowalewski et al. [3] developed a three-step method to determine the starting values of the constants
in a set of creep damage constitutive equations for "nal optimisation. Perrin and Hayhurst [5]
developed an optimisation method to determine damage constitutive equations based on a technique
of transformation of creep constitutive equations. However, it is still di7cult to choose starting values
of the constants. Zhou and Dunne [7] proposed a four-stage method to determine material constants
for a particular set of the viscoplastic constitutive equations for superplastic alloys. The starting values
of the material constants have to be chosen carefully at each stage of the optimisation, otherwise
convergence to a local minimum is unavoidable and poor material constants would be obtained.
The techniques developed above are highly problem dependent and usually suitable for particular

sets of constitutive equations. Signi"cant knowledge of material science, mathematics and computa-
tional mechanics is required. Hence, they are not suitable for industrial users. In order to solve the
problem, Lin and Yang [4] proposed a genetic algorithm (GA) based optimisation technique, which
is suitable for both creep damage models and general uni"ed viscoplastic constitutive equations.
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This technique has generic features, overcomes the di7culty of choosing starting values for the con-
stants, and provides a better chance to converge to the global minimum. However, the method used
was based on the classical binary GA [8]. It is ine7cient in solving continuous problems, such as
those considered in this paper. Hence the computing resources required for solving the optimisation
problems are signi"cant. In this paper, three new algorithms based on evolutionary programming
are introduced to solve the continuous optimisation problem. They were shown to be much more
e7cient than binary GAs for continuous problems [9].
This paper is organised as follows. First a set of uni"ed creep damage constitutive equations

for aluminium alloys are introduced in Section 2. In order to avoid the traditional problem of the
inconsistency in experimental and computed lifetimes [3], two new objective functions are formu-
lated for this type of optimisation and the behaviour of the objective functions is then analysed in
Section 3. Three evolutionary algorithms for minimising the two objective functions are described
in detail in Section 4. Finally, the computational results and conclusions are presented.

2. Physically based constitutive equations

Continuum damage mechanics (CDM) with two damage variables was justi"ed and used by
Kowalewski et al. [1,3] to model tertiary creep softening in an aluminium alloy caused by (i) grain
boundary cavity nucleation and growth, and (ii) ageing of particular microstructures. Primary creep is
also described by the model. The form of the constitutive equations proposed for uni-axial conditions
is given by the following set of equations:
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where A; B; h; H ∗; Kc and D are material constants, and n is given by
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)
:

Eq. (1) describes the creep evolution for the aluminium alloy. The steady state creep is related to
the constants A; B and H ∗. Eq. (2) describes primary creep using variable H , which varies from 0
at the beginning of the creep process to H ∗, where H ∗ is the saturation value of H at the end of
primary period and subsequently maintains this value until failure.
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The equation set contains two damage variables to model tertiary softening mechanisms. The "rst
damage variable 
, which is described by Eq. (3), is de"ned from the physics of ageing to lie within
the range 0–1 for mathematical convenience. The second damage variable !2, de"ned by Eq. (4),
describes grain boundary creep constrained cavitation, the magnitude of which is strongly sensitive
to alloy composition and to processing route. Creep constrained cavitation can either be nucleation or
growth controlled. Here only nucleation control is considered and the failure criterion is !2 = 1

3 [3].
Material constants which appear in this model may be divided into three groups, i.e.,

(i) constants h and H ∗ which describe primary creep;
(ii) constants A and B which characterise secondary creep; and
(iii) constants Kc and D responsible for damage evolution and failure.

The six material constants need to be determined from experimental data so that the creep damage
behaviour for the material can be accurately predicted using Eqs. (1)–(4).

3. Features of objective functions for optimisation

3.1. Formulation of objective functions

Optimisation techniques for determining the material constants arising in the constitutive equations
are based on minimising the sum of the squares of errors between the computed and experimental
data. The objective function is normally de"ned, for example [3], by the sum of the squares of the
di6erences between the computational and experimental creep strains for the same time and stress
levels. If the predicted lifetime is longer than the corresponding experimental lifetime, some of the
experimental data cannot be involved in the error estimation. In order to compensate these errors,
an extra correction term is introduced, which is detailed by Kowalewski et al. [3]. In this work, two
methods are proposed to de"ne the objective functions for the optimisation.

(a) Shortest distance method: In this method, the errors are de"ned by the shortest distance
between computational and experimental data. In theory it is an ideal form of de"ning an objective
function. But it is di7cult to compute in practice. Here, a simple and computationally inexpensive
method is introduced to calculate the shortest distance of an experimental data point (tmij ; �

m
ij); ith

data point of the jth experimental creep curve, to the corresponding numerically integrated creep
curve. This includes three steps: (i) identify two adjacent closest integrated points on the creep curve
to the experimental data point; (ii) determine a straight line through the two integrated points; (iii)
calculate the distance of the experimental data point to the straight line. The point determined on
the computed creep curve is noted as (ttij; �

t
ij). For creep constitutive equations a situation may occur

in the optimisation, in which the shortest distances almost keep unchanged if the computed lifetime
is much longer than the experimental lifetime. In order to increase the sensitivity, one extra term is
introduced. Thus the objective function, f(X ), is de"ned by

f(X ) =
n1∑
j=1

mj∑
i=1

wijd2ij +
n1∑
j=1

Wj(ttmjj − tmmjj)
2; (5)
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where X (X = (x1; x2; : : : ; xs)) represents the material constants and s is the number of constants to
be optimised. n1 is the number of experimental creep curves. mj is the number of the experimental
data for the jth creep curve. dij represents the shortest distance from the ith data point of the jth
experimental creep curve to the corresponding computed creep curve. wij is the relative weight for
the ith data point of the jth experimental creep curve. Wj is the relative weight for stress level j.
(ttmj−tmmj) is the error between the computational and the experimental times for the same creep strain
and the same stress level j. In order to increase the sensitivity of the objective function and keep
the units consistent, the following transformation is introduced to de"ne the shortest distance dij:

d2ij = �(�
t
ij − �mij)

2 + �(ttij − tmij )
2; (6)

where, for the material under consideration, we choose �= 100 and �= 0:01 (h−2): (ttij − tmij ) is the
error in time and (�tij − �mij) is the error in strain. Eq. (5) is known as objective function I (OFI).
(b) Errors in time only: In order to avoid the correction term introduced in Eq. (5), another form

of objective function is introduced and given below.

F(X ) =
n1∑
j=1

mj∑
i=1

wij(ttij − tmij )
2; (7)

where (ttij− tmij ) is the time di6erence between the computational and experimental data for the same
creep strain �mij : n1; mj and wij have the same meanings as de"ned before. Eq. (7) is called objective
function II (OFII).

3.2. Monotonicity analysis of creep strain and objective functions

From Eqs. (1)–(4), it can be seen that the creep strain � is a function of the seven variables
A; B; h; H ∗; Kc; D and t. For the sake of convenience, the strain � is written as � = �(A; B; h; H ∗;
Kc; D; t). As time t increases while keeping other variables constant, the absolute value of the creep
strain � increases. This means that the strain � monotonically increases with time t [10–12]. The
result can also be obtained from the condition d�=dt ¿ 0 [10]. Thus, the following characteristics
of Eqs. (1)–(4) can be obtained: (i) � monotonically increases with respect to t. (ii) The boundary
conditions do not change. That is when t=0, there are always �=0; !2 =0; H =0 and 
=0. (iii)
As one of the material constants changes and the others are constant, the creep strain curve must
change. For example, the point of �(A; B; h; H ∗; Kc; D; t) = �(A +  ; B; h; H ∗; Kc; D; t) does not exist
except for t = 0. The two curves do not cross except for at the point t = 0.
When t = 0, Eq. (1) can be rewritten as:

d�
dt

∣∣∣∣
t=0

= A sinh(B�): (8)

In Eq. (8), as the material constant A increases, e.g., from A to A +  , while keeping others
constant, d�=dt|t=0 increases, i.e., d�=dt|t=0;A=A+ ¿ d�=dt|t=0;A=A. Thus at t = Lt; �(A +  ; B)¿
�(A; B). This result can be extended to the whole equation set, that is, �(A +  ; B; h; H ∗;
Kc; D; t)¿�(A; B; h; H ∗; Kc; D; t) for t ¿ 0. This indicates that creep strain � increases with the
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Table 1
Material constants used for Figs. 1 and 2

A B h H∗ Kc D

4.04e-15 0.1126 2.95e4 0.1139 1.82e-4 2.75

Table 2
Values of derivatives calculated using the constants listed in Table 1 for
OFI

@f=@A @f=@B @f=@h @f=@H∗ @f=@Kc @f=@D

8.23e15 5.97e3 1.21e-3 2.78e2 5.69e-6 9.54e-1

increment of A. This phenomenon is known as the monotonicity of the creep strain with respect to A.
The same results can be obtained for the other material constants. The results can be summarised as
� = �(A+; B+; h−; H ∗−; K+c ; D+; t+), where the superscript “+” indicates that creep strain � increases
as the value of the constants increase, i.e., � monotonically increases with respect to the constants,
and “−” represents that � decreases as the constants increase, i.e., � monotonically decreases with
respect to the constants.

3.3. Characteristics of the objective functions

The creep experimental data reported by Kowalewski et al. [1] for an aluminium alloy at 150◦C
for four stress levels of 241.3, 250.0, 262.0 and 275:0 MPa are used in the optimisation and analysis.
If "ve of the material constants listed in Table 1 are used and only one constant is allowed to vary,
the behaviour of the two objective functions with the variation of individual constants are given in
Fig. 1. The thin lines in the "gure are calculated using OFI and the thick lines are computed with
OFII. Fig. 1 shows that the two objective functions have similar behaviour. Only one minimum
point is observed for each material constant, although there are plateau regions where @f=@xi ≈ 0.
Fig. 2 shows the variation of OFI with the material constant B for di6erent values of constant A.
The values of the other material constants given in Table 1 are used for the computations. It can
be seen that the curve shifts with the variation of the value A. Similar features of the OFII are
observed. The minima occur within a very narrow region for all A values. As the values of B are
greater than the values B1; B2 and B3 for the corresponding three A values, the residuals remain
almost constant. This indicates that the values of A and B are too big and the computed lifetimes of
the creep curves tend to zero. Thus, the sum of the errors remains constant. Fig. 2 also indicates that
di6erent combinations of constants A and B give di6erent values of minima and only one minimum
point exists for each combination.
In multiple variable optimisations, the di6erentiation of an objective function respect to individual

variables should have similar values. Otherwise, it is di7cult to obtain a balanced result. Table 2
gives the values of derivatives for individual variables which are calculated using the constants listed
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Fig. 1. Variation of objective functions with individual material constants. The thin lines are obtained using OFI and the
thick lines are computed using OFII.

in Table 1. A huge variation is observed. For example, the largest value of the derivatives is 8.23e15
for @f=@A while the lowest value is 5.69e-6 for @f=@Kc. This behaviour of the objective function is
very “bad” and needs to be avoided. When the traditional optimisation methods are used to solve
the problem, iterations are very often stopped at almost the starting points for the variables, which
have low values of derivatives.
According to the above analysis, there are following three intrinsic di7culties for the optimisation.

(i) Variation of objective functions for some of the material constants, such as constants A; B; h
and Kc (cf. Fig. 1) contains large plateau regions, that is @f=@xi ≈ 0. If the starting points are
given within these regions, a gradient-based optimisation system will treat those points to be
minima. Hence the optimisation fails.

(ii) The di6erence among the derivatives for the material constants is too large for traditional
optimisation algorithms to work well. The constants having high values of derivatives play
major roles in the optimisation and those with low values of derivation would be ignored.
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Fig. 2. Variation of OFI with the material constant B for di6erent values of constant A.

(iii) The contours of the objective functions are very narrow, and a steep sided valley is normally
formed for many constants, as shown in Figs. 1 and 2. Such functions have already been shown
to be di7cult to optimise. For example, the Rosenbrock’s function, which is a well-known test
function with such narrow ridges, has only two variables but is di7cult to optimise by traditional
gradient-based optimisation algorithms.

The second problem could be overcome by introducing a normalisation method. The normalised
material constants zi (i = 1; : : : ; s) are de"ned as

zi = zgi +
zui − zgi
xui − xgi

(xi − xgi); i = 1; : : : ; s; (9)

where xi (i= 1; : : : ; s) are the original constants which need to be optimised. zgi; zui; xgi and xui are
the lower and upper bounds of zi and xi; i= 1; : : : ; s, respectively. Here, zgi and zui; i= 1; : : : ; s, are
set to 1.0 and 10.0.
Unfortunately, the "rst and third problems cannot be solved easily by any traditional optimisation

techniques. One method for dealing with the "rst problem might be to divide the domains of individ-
ual material constants into small regions. Starting values of the constants are selected by considering
all possible combinations of the small regions for all the constants. Then traditional optimisation
methods can be used to search the optimal values of the constants for each set of starting values.
However, this is impractical since too much CPU time would be required to solve the problem.
Another approach to solving the optimisation problem is to adopt new algorithms that are good at
dealing with plateaus and long and narrow ridges. In this paper, three evolutionary algorithms are
introduced for solving the optimisation problem. They can handle functions with plateaus and ridges
much better than traditional gradient-based algorithms. They are also more e7cient than binary GAs.
All three algorithms enjoy global convergence.
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4. Evolutionary optimisation methods

The three evolutionary optimisation algorithms used in this paper are classical evolutionary pro-
gramming (CEP) [8], fast evolutionary programming (FEP) [13,14], and improved fast evolu-
tionary programming (IFEP) [14,15]. This section describes implementation details of these three
algorithms.

4.1. Classical evolutionary programming (CEP)

The CEP was "rst proposed as an approach to arti"cial intelligence. It has been recently applied
with success to many numerical and combinatorial optimisation problems. Optimisation by CEP can
be summarised into two major steps:

(i) mutate the solutions in the current population;
(ii) select the next generation from the mutated and the current solutions.

These two steps can be regarded as a population-based version of the classical generate-and-test
methods, where mutation is used to generate new solutions (o6spring) and selection is used to
test which of the newly generated solutions should survive to the next generation. The classical
evolutionary programming is implemented as follows [14].

Step 1: Generate the initial population of $ individuals, and set the initial iteration k = 1. Each
individual is taken as a pair of real-valued vectors, (Xi; &i); ∀i∈{1; : : : ; $}, where Xi’s are objective
variables (or material constants) and &i’s are standard deviations for Gaussian mutations (also known
as strategy parameters in self-adaptive evolutionary algorithms).

Step 2: Evaluate the "tness score for each individual (Xi; &i); ∀i∈{1; : : : ; $}, of the population
based on the objective function, f(Xi).

Step 3: Each parent (Xi; &i); i = 1; : : : ; $; creates a single o6spring (X ′
i ; &

′
i) by: for j = 1; : : : ; n:

x′i(j) = xi(j) + &i(j)Nj(0; 1); (10)

&′i(j) = &i(j)exp((
′N (0; 1) + (Nj(0; 1)); (11)

where xi(j); x′i(j); &i(j) and &′i(j) denote the jth component of the vectors Xi; X ′
i ; &i and &

′
i, respec-

tively. N (0; 1) denotes a normally distributed one-dimensional random number with mean zero and
standard deviation one. Nj(0; 1) indicates that the random number is generated anew for each value
of j. The factors ( and (′ are commonly set to (

√
2
√
n)−1 and (

√
2n)−1.

Step 4: Calculate the "tness of each o6spring (X ′
i ; &

′
i);∀i∈{1; : : : ; $}.

Step 5: Conduct pairwise comparison over the union of parents (Xi; &i) and o6spring (X ′
i ; &

′
i); ∀i∈

{1; : : : ; $}. For each individual, q opponents are chosen uniformly at random from all the parents and
o6spring. For each comparison, if the individual’s "tness is no smaller than the opponent’s,
it receives a “win”.

Step 6: Select the $ individuals out of (Xi; &i) and (X ′
i ; &

′
i); ∀i∈{1; : : : ; $}, that have the most

wins to be parents of the next generation.
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Fig. 3. Comparison of Cauchy and Gaussian density functions.

Step 7: Stop if the halting criterion is satis"ed; otherwise, k = k + 1 and go to Step 3.

The Gaussian density function with variance 1 (cf. Fig. 3) centred at the origin is de"ned by

fg(x) =
1√
2n
e−(x

2=2); (12)

where −∞¡x¡∞.

4.2. Fast evolutionary programming (FEP)

The FEP is exactly the same as the CEP described in Section 4.1 except for that Eq. (10) is
replaced by the following:

x′i(j) = xi(j) + &i(j)+j; (13)

where +j is a Cauchy random variable and is generated anew for each value of j. The one-dimensional
Cauchy density function centred at the origin is de"ned by

ft(x) =
1
,

1
1 + x2

; (14)

where −∞¡x¡∞.
The shape of ft(x) resembles that of the Gaussian density function but approaches the axis so

slowly that its expectation does not exist. As a result, the variance of the Cauchy distribution is
in"nite. Fig. 3 shows the di6erence between Cauchy and Gaussian density functions by plotting
them in the same scale. It is clear from Fig. 3 that Cauchy mutation is more likely to gener-
ate an o6spring further away from its parent than Gaussian mutation due to its long Sat tails.
It is expected to have a higher probability of escaping from a local optimum or moving away
from a plateau, especially when the “basin of attraction” of the local optimum or the plateau
is large relative to the mean step size. On the other hand, the smaller hill around the centre in



B. Li et al. / International Journal of Mechanical Sciences 44 (2002) 987–1002 997

Fig. 3 indicates that Cauchy mutation spends less time in exploiting the local neighbourhood and
thus has a weaker "ne-tuning ability than Gaussian mutation (N (0; 1)) in small to mid-range regions.

4.3. Improved fast evolutionary programming (IFEP)

IFEP uses the idea of mixing search biases to mix Cauchy and Gaussian mutations. Unlike some
switching algorithms which have to decide when to switch between the di6erent mutations during
search, IFEP does not need to make such decision and introduces no additional parameters. It di6ers
from FEP and CEP only in Step 3 of the algorithms described in Sections 4.1 and 4.2. Instead of
using Eq. (10) (for CEP) or Eq. (13) (for FEP) alone, IFEP generates two o6spring from each
parent, one by Cauchy mutation and the other by Gaussian. The better one is then chosen as the
surviving o6spring. The rest of IFEP is exactly the same as FEP and CEP.

5. Determination of material constants using the evolutionary approach

An optimisation software package has been developed using C++ based on the three evolutionary
algorithms. The uni"ed creep damage constitutive equations are numerically integrated using the
fourth order Runge–Kutta method and the time step for the integration is automatically controlled.
This ensures that the creep curves can be accurately computed. Detailed studies have been carried
out for the two formulated objective functions using the three evolutionary algorithms.
Fig. 4 shows the evolution of objective functions with respect to the number of generations for the

two objective functions and the three algorithms. For OFI shown in Fig. 4(a), the residual decreases
steadily for all three algorithms in the "rst 200 generations. Then the decrease slows down. This
indicates that all three algorithms were able to "nd a good solution in the search space quickly
(i.e., in the "rst 200 generations or so). As analysed theoretically and empirically [14], FEP and
IFEP performed slightly better than CEP in terms of convergence speed. It is important to note that
all three algorithms were randomly initialised. Yet they all converged to similar values around 200
generations. The results show that the evolutionary algorithms are much more robust than previous
methods which are highly dependent on initial values. There is no need to search for a good initial
value manually through a tedious trial and error process.
Similar observations can be made from the experimental results using objective function II, which

are shown in Fig. 4(b). Although a di6erent objective function was used here, the evolutionary
algorithms were still able to "nd similarly good solutions from random initial values. This illustrates
another aspect of the robustness of evolutionary algorithms—they work well for di6erent objective
functions.
The optimised material constants are summarised in Table 3 for the two objective functions and

the three evolutionary methods. The residuals are also given for the same evolutionary methods with
di6erent objective functions for comparison. From the residuals given in Table 3, it can be seen that
IFEP performs better than the other two although the di6erence is small.
Figs. 5 and 6 show how well the evolutionarily optimised curves compare with the experimen-

tal data, where solid lines are computed creep curves using the corresponding constants listed in
Table 3. The data are true creep data for the aluminium alloy given by Kowalewski et al. [1].
The best "tting results are given by Fig. 5(c). However, the quality of the "ttings are all reasonably
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Fig. 4. Comparison of convergences of the three optimization methods: CEP, FEP and IFEP for: (a) OFI; and (b) OFII.

Table 3
List of the determined material constants and residuals for the two objective functions and the three optimisation methods

Objective Method A B h Ha Kc D Residual Residual of the
function other functiona

CEP 1.95e-15, 0.1035, 1.44e2, 0.4632, 3.27e-4, 2.75 13.3217 17.36284
OFI FEP 2.07e-15, 0.1147, 3.59e4, 0.1072, 2.55e-4, 2.75 12.9634 22.04500

IEEP 1.08e-14, 0.1132, 6.02e5, 0.1471, 1.10e-4, 2.75 9.45553 14.16029

CEP 3.31e-17, 0.1200, 4.15e2, 0.0808, 6.09e-4, 2.75 29.2140 22.07700
OFII FEP 3.52e-16, 0.1103, 2.16e2, 0.2248, 4.57e-4, 2.75 22.5608 16.73375

IFEP 1.06e-13, 0.0922, 9.81e5, 0.0501, 7.48e-5, 2.75 16.3721 11.61950
aThe column gives the values of OFII at the minima of OFI in the row OFI, and the values of OFI at the minima of

OFII in the row OFII.

good from the practical point of view. This indicates that all three evolutionary optimisation methods
are suitable for determining the material constants for the uni"ed creep damage constitutive equations
from experimental results, although the IFEP method provides slightly better optimisation results.
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Fig. 5. Comparison of experimental (legends) and computed (solid lines) creep curves for aluminium alloy at 150
◦
C. The

computations were carried out using the optimised sets of material constants obtained from the three methods: (a) CEP;
(b) FEP; and (c) IFEP, for the OFI. The numbers given for each curve refer to stress levels in MPa.

6. Conclusions

This paper has analysed the di7culties in determining the material constants within uni"ed creep
damage constitutive equations from experimental data. It is found that the objective functions to be
optimised contain narrow ridges and large plateaus that make the optimisation particularly di7cult
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Fig. 6. Comparison of experimental (legends) and computed (solid lines) creep curves for aluminium alloy at 150
◦
C. The

computations were carried out using the optimised sets of material constants obtained from the three methods: (a) CEP;
(b) FEP; and (c) IFEP, for the OFII. The numbers given for each curve refer to stress levels in MPa.

for classical optimisation methods. Out of the two objective functions formulated, OFI provides
slightly better results in terms of better "tting between the computed and experimental data.
A PC software package has been developed for determining the material constants in uni"ed creep

damage constitutive equations. The package includes three evolutionary programming algorithms
which are particularly suitable for solving the optimisation problems. The algorithms can be started
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from any random initial values without tedious manual selection of starting points. They can also
work well with di6erent objective functions.
Evolutionary algorithms are robust optimisation techniques that can deal with complex,

non-di6erentiable and non-convex functions. This is particularly useful to determine uni"ed creep
damage constitutive equations. Evolutionary programming algorithms use real-value vectors and
self-adaptation in their chromosome representation and thus perform better than binary genetic algo-
rithms on complex continuous functions, such as those described in this paper.
The creep damage constitutive Eqs. (1)–(4) are regarded just as an example of application to

demonstrate the e6ectiveness of the optimisation algorithms. The e6ect of primary creep is marginal,
especially for the low stress test results. This leads to scattered values of h and H ∗ determined
from di6erent optimisation algorithms, as shown in Table 3. Future research needs to be carried
out to identify=develop a set of damage constitutive equations to accurately model the creep damage
behaviour of the material. The traditional creep damage constitutive equations, such as single damage
variable equations developed by Kachanov [16], Hayhurst [17], etc., will be considered.
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